Reservoir water quality is important for water quality management downstream. A hierarchical approach is developed to present the monitoring locations within a format that satisfies the objectives of social stakeholders for making final decisions. First, a CE-QUAL-W2 model is applied to simulate water quality variables in the reservoir for a long time using a set of historic data. Second, transinformation entropy theory is used to quantify mutual information among a set of monitoring stations for each water quality variable. Then, a non-dominating sorting genetic algorithm-based model is developed for multi-objective optimization of the water quality monitoring network. Finally, a social choice method is applied to the identified non-dominated solutions to achieve a strategy that 
INTRODUCTION
Sampling locations are designed to monitor reservoir water quality. The design of sampling locations is difficult due to a wide range of water quality variables that can be used to present water quality, the temporal and spatial characteristics of sampling, and the duration and objectives of sampling (Harmancioglu et al. ) . For optimization of a water quality monitoring program, various regulations and the physical and geographical properties of reservoirs must be considered in formulating this non-linear, complex problem (Behmel et al. ) .
The study of the placement of monitoring stations in a reservoir is limited in the literature, although similar studies can be found for identifying locations to monitor water quality in river and groundwater resources. Lee & Kwon () and Lee et al. () proposed methodologies using statistical analysis to reduce redundant sampling locations in a reservoir. Based on information theory, Lee et al. () proposed an approach for optimization of water quality monitoring stations in a reservoir. They used water quality data at similar depths of Lake Yongdam. Instead of using an optimization approach, they tested all possible combinations to find the optimal solution among potential combinations of stations. These studies are not suitable for the large reservoirs, at which the potential sampling locations increase significantly. Yenilmez et al. () proposed a methodology to cope with this problem by deploying an approach based on kernel density estimation and ordinary kriging to optimize the number of monitoring stations in the Porsuk dam reservoir for a single water quality variable. They used dissolved oxygen (DO) at the surface layer of the reservoir. Their approach neglects the effect of reservoir depth on the water quality.
In general, a series of data can be translated into information using the Shannon theory (Harmancioglu ). earlier, the effect of reservoir depths on the water quality was not considered. They modeled water quality by observing water quality data that was collated at nine locations at the surface of reservoir. These studies considered the technical aspects of reservoir water quality and failed to include stakeholders and decision makers to evaluate the plausibility and practicality of a design to monitor reservoir water quality.
Stakeholder engagement can lead to more sustainability for a water resources system as they can input their expert knowledge during the design process (Loucks et al. ) .
To address the choices of decision makers, which are most likely conflicting, a set of equations is formulated to math- 
MODEL FRAMEWORK
The flowchart for this study is illustrated in Figure 1 Table S1 , available with the online version of this paper). The geometric data, meteorological parameters, hydraulic coefficients, inflow/ outflow data, and flow sources and sinks are inputs into the CE-QUAL-W2 model. Once the CE-QUAL-W2 model is calibrated and validated using the historic dataset, it is used to simulate reservoir water quality for each water quality variable. The transinformation entropy quantity (Te (x,y)) is calculated for each pair of potential monitoring stations, represented as station x and station y as follows:
where p(x i ) and p(y j ) are the occurrence probability of x i and y j, respectively, and p(x i ,y j ) is the joint probability between x i and y j (Mogheir et al. a, b) . 1. The MOE objective is to minimize the cost.
2. The DOE objective is to maximize the spatial coverage of the water quality monitoring network.
3. The RWA objective is to minimize the redundant information among water quality monitoring stations.
Considering the utilities of these stakeholders and the T-D curves, a multi-objective optimization model is formulated and solved by a conventional heuristic algorithm to find a set of non-dominated solutions. Due to the complexity of this problem and the large size of the decision space, the multi-objective algorithm likely converges to non-dominated solutions instead of a true Pareto-front, therefore, the nondominated term is used instead of the Pareto-front. In this study, the formulated problem is solved using NSGA-II (Deb et al. ) .
A preference matrix is developed by ranking m nondominated solutions based on the choice of three stakeholders. The preference matrix is a 3*m matrix as demonstrated in Table 1 , in which m is the number of optimal solutions. Finally, the best solution is determined by the social choice method which selects a solution based on its popularity among the stakeholders.
Multi-objective optimization model: NSGA-II
The objectives of stakeholders are formulated into a multiobjective optimization model as follows:
Minimize y 3
where the variables in Equations (2)- (7) water quality variable q (in kilometers).
Social choice theory
Social choice theory considers the involvement of stakeholders with different preferences over the available options (solutions obtained from NSGA-II) in the process of decision-making. The common social choice methods are as follows (Sheikhmohammady & Madani ) .
Condorcet choice
This method elects an option that is preferred more times to the other options by the stakeholders with pairwise comparisons (McLean ; Shalikaran et al. ).
Borda count method
A score is assigned to each option based on the stakeholder preference. The solutions are ranked based on 
The plurality rule
The plurality rule selects the option that receives the most votes by the stakeholders in the first level of preference (Sheikhmohammady & Madani ; Shalikaran et al.
).

Majority voting rule
The majority voting rule (MVR) is a decision rule that selects Tables S2 to S4, available with the online version of this paper).
CASE STUDY
The Figure S1 and Table S5 , available with the online version of this paper). The importance coefficients of the water quality variables (γ q in Equations (3) and (4)) are shown in Table 2 . Each coefficient prioritizes a water quality variable in the quality monitoring program. Once the CE-QUAL-W2 model is calibrated and validated using the historic dataset, it is used to simulate reservoir water quality for 40 years in the period of 1968-2008.
RESULTS AND DISCUSSION
The transinformation quantity is calculated (Equation (1)) for each potential monitoring station when it is paired with another potential monitoring station for each water quality variable in years . Figure 3 ). The optimal distance is approximately 18 km for TDS for all seasons. The optimal distance is between 17 and 18 km for each water quality variable across all seasons.
Due to the space available in this paper, the minimum distance (17 km) is defined as the optimal distance for all water quality variables and used in Equations (2)- (7) In future work, the temporal frequency of monitoring locations can be studied, and also, a spatial variogram can be used to determine the nugget (minimum value of mutual information and its corresponding distance) instead of transinformation entropy. The effect of a more accurate water quality model such as WASP should also be examined.
